Introduction
Multitasking is a fundamental aspect of everyday activities. The ability to multitask closely relates to flexible cognitive control (Rothbart and Posner, 2015) , in particular, the selection and monitoring of higher order internal goals while other sub-goals are being performed. This is subserved by a set of frontal and parietal regions, which together assemble the required cognitive operations for task-relevant behavior (Norman and Shallice, 1986; Duncan and Owen, 2000; Miller and Cohen, 2001; Duncan, 2013; Cole and Schneider, 2007; Fedorenko et al., 2013) .
This set of fronto-parietal regions, collectively known as the cognitive control network, shows especially high global connectivity, allowing information to be coordinated throughout the brain (Cole et al., 2010) . Resting-state global connectivity in regions of this network, especially the lateral prefrontal cortex (LPFC), has been found to be correlated with attention (Rosenberg et al., 2016) , cognitive control capacity (Cole et al., 2012) , and general fluid intelligence (Song et al., 2008; Cole et al., 2012; Hearne et al., 2016) . Together, these evidence suggest that functional connectivity in networks related to cognitive control may be the key underlying individual differences in carrying out complex task demands.
Previous studies linking connectivity to cognitive ability have employed neuropsychological assessments (Cole et al., 2012) such as the Raven Advanced Progressive Matrices (Raven and Court, 1998) and the Cattell Culture Fair Test (Cattell, 1967) , or conventional laboratory tasks with a limited number of experimentally controlled manipulations (Chen et al., 2016; Cole et al., 2013; Dux et al., 2009; Garner and Dux, 2015) . These tasks often involve responses to shapes or numbers on the screen according to a set of task rules. While they provide useful insight into the neural underpinnings of general executive function, they measure separable cognitive abilities compared to multitasking (Kievit et al., 2014) . In fact, several keystone studies have found that patients with frontal lobe damage show deficits in everyday multitasking (such as planning a dinner or doing grocery shopping), even though some had superior IQ and intact performances on neuropsychological tests of attention, memory, and executive functions (Shallice and Burgess, 1991; Burgess, 2000; Roca et al., 2011) . This suggests multitasking requires an aspect of executive function that is not captured by standardized tests (Manly et al., 2002; Roca et al., 2009 Roca et al., , 2011 Roca et al., , 2012 .
The current study examined the pattern of several well-defined functional networks (Power et al., 2011) during rest and performance on a simulated virtual real-life task, the Edinburgh Virtual Errands Test (EVET, Logie et al., 2011; Trawley et al., 2011 Trawley et al., , 2013 . This test builds upon the Multiple Errends Test (Shallice and Burgess, 1991) to assess multitasking ability in the healthy population. We related each individual's score of multitasking performance to resting-state functional connectivity. We focused on the networks involving the frontal, parietal, and sensorimotor regions, as these regions are thought to be involved in the neural architecture supporting cognitive control and goaldirected behavior in external tasks (Koechlin et al., 2003; Dixon et al., 2017; Miller and Cohen, 2001) . These networks included the frontoparietal network (FPN), dorsal attention network (DAN), and sensorimotor network (SMN). However, in order to not overlook any other potential networks that may support multitasking, we included in our analysis other major functional networks, together covering most of the brain, for completeness (Power et al., 2011; Hearne et al., 2016) . In the first analysis, we applied a linear regression analysis to examine whether global connectivity in cognitive control networks predicts multitask performance indexed by EVET score. Additionally, as the LPFC has been implicated as a critical region in cognitive function in previous studies (Koechlin et al., 1999; Song et al., 2008; Cole et al., 2012 Cole et al., , 2015 , we additionally analyzed global connectivity of the LPFC region and related it to EVET performance. However, global connectivity is a relatively coarse index as it sums all the functional connections from a network, creating an average summary index. Multivariate analysis takes account the 'pattern' of functional connections rather than the overall 'strength' (Kriegeskorte and Bandettini, 2007; Mur et al., 2009) . Therefore, in our second analysis, we applied a support vector machine regression (SVR) model and leave-one-subject-out cross-validation to predict EVET scores of individual subjects (Dosenbach et al., 2010) . We hypothesize that intrinsic functional connectivity within and between networks associated with cognitive control should be predictive of individual multitasking performance.
Methods

Participants
106 healthy volunteers (57 females, mean age 22.85, SD = 2.04) were included in the final analyses of the study. Participants were recruited via online advertisements. An additional 11 participants were excluded (five had excessive motion with mean frame displacement more than two standard deviations away from the group mean, one with abnormal cerebellar structure, and five who did not complete the full experiment). Inclusion criteria were right-handedness (indexed by the Edinburgh Handedness Inventory); no depression or anxiety (Beck Depression Inventory score < 14, Beck Anxiety Inventory score < 7); and no sleep disorders, history of drug use, chronic disease, mental health or neurological issues. Furthermore, none of the included Fig. 1 . A. Pipeline of Edinburgh Virtual Errands Test (EVET) experiment. Participants were well familiarized with the building plan and task errands and performed the EVET for 8 min. B. Screen shots of the EVET environment. 1). Lobby with the elevator in the middle and staircases on the sides. 2). Room F9 where participants need to pick up a key card to unlock room G6. 3). Room F2 where participants need to sort as many red and blue binders as possible.
participant's head motion exceeded 2 mm / 2 degrees across the whole scanning run. Procedures were carried out in accordance with ethical approval obtained from the National Cheng Kung University Research Ethics Committee, and participants provided written, informed consent before the start of the experiment.
Experimental procedures
Inside the MRI scanner, participants were asked to relax with their eyes closed. Participants were instructed to keep their head still, remain awake, and not to think of any one persistent thought throughout the scan. First, a structural image was acquired (~3.6 min), followed by resting-state functional EPI images (~8 min).
For behavioral measures, we used the EVET Trawley et al., 2011 Trawley et al., , 2013 ; http://www.psy.ed.ac.uk/resgroup/MT/ index4.html) to evaluate their multitasking ability. This was usually performed within a weeks' time frame relative to the scan. EVET requires participants to complete eight errand tasks efficiently within 8 min while navigating through a simulated environment on a computer. The environment consisted of a four-story building with a set of stairs and five rooms along the left and right ends of each floor surrounding a central elevator (see Fig. 1 for sample screen shots). Example errands include "pick up brown package in (room) T4 and take to (room) G6", "meet person S10 before 3:00 min", "sort as many red and blue binders as you can in room S2". The set of diverse subtasks taps into multiple cognitive functions including planning, retrospective and prospective memory, visuospatial and verbal working memory, sustained attention, and task switching. The test was designed to evaluate participants' ability to complete a complex task with higher ecological validity than conventional experimental manipulations.
The execution of the EVET followed Logie et al. (2011) . The EVET consists of two sets of tasks each with eight errands; 54 participants performed set A and 52 performed set B. First, participants were also informed of a building rule that requires to use the left stairs for travelling down and right stairs for travelling up; and the task rules of not entering irrelevant rooms or picking up non-task-related objects. Before the main experiment, participants practiced using the keyboard and mouse controls to move around the building and complete five practice errands. In the main EVET experiment, participants were given 2 min to study their errand list, followed by free recall, then another 5 min of further study and a test of cued recall. Then, participants were asked to plan the order in which they should perform each errand to achieve maximum efficiency in task completion. Next, they were asked to verbally recall the errand list and building rules until they could recall 100% of the list. Participants then performed the EVET for 8 min. Afterwards, they were asked to recall the errands they had attempted or failed to complete. Participants were cued about any errands they had omitted in the posttest recall. Finally, participants were given the alternative set of errands and were asked to plan the order of errands (e.g., participants who performed set A were asked to plan set B), which provided another measure of planning, but without performing the EVET a second time. Finally, a general "EVET score" was calculated based on participants' overall performance (accounting for completed errands and incorrect actions). Points were added for each errand completion, bonus points were awarded based on number of folders sorted, time discrepancy for timed errands; and points were deducted for picking up incorrect objects, entering rooms not on the errand list, and breaking the building rules. Bonus and penalty points were given/ deducted on a five-point-scale (0−4) based on a cutoff score that was calculated based on the frequency distribution of raw scores among the participant sample in Logie et al. (2011) . Therefore, the minimum possible score was −12 and the maximum 20.
Imaging parameters and data analysis
Imaging was performed using a GE MR750 3T scanner (GE Health care, Waukesha, WI, USA) at the National Cheng Kung University Mind Research and Imaging Center MRI center. High-resolution anatomical T1 images were acquired using fast-SPGR, consisting of 166 axial slices (TR = 7.6 ms, TE = 3.3 ms, flip angle = 12•, 224 × 224 matrices, slice thickness =1 mm), which lasted 218 s. Functional images were acquired with a gradient-echo echo-planar imaging (EPI) pulse sequence (TR = 2000 ms, TE = 30 ms, flip angle = 77•, 64 × 64 matrices, FOV = 22 × 22 cm 2 , slice thickness = 4 mm, no gap, voxel size = 3.4375 mm × 3.4375 mm × 4 mm, 32 axial slices covering the entire brain). A total of 245 volumes were acquired; the first five served as dummy scans and were discarded to avoid T1 equilibrium effects.
Data were preprocessed using SPM 8 (http://www.fil.ion.ucl.ac.uk/ spm) and the Data Processing & Analysis for Brain Imaging toolbox (DPABI, Yan et al., 2016) implemented in Matlab (The MathWorks, Inc., Natick, MA, USA). EPI images were slice-time corrected and realigned to correct for head motion using rigid-body transformation. The T1 image was coregistered to the mean EPI image and was normalized to the MNI template. The normalization parameters of the T1 image were applied to all functional volumes. Nuisance time series (motion parameters, ventricle and white matter signals) were regressed out. The functional data were spatially smoothed with a 6 mm Gaussian kernel. Finally, images were band-pass filtered at 0.01-0.08 Hz to remove scanner drift and high frequency noise (e.g., respiratory and cardiac activity). There was no correlation between EVET score and mean frame displacement (r = 0.19, p = 0.06). Furthermore, correcting for micro-head-motion (removing volumes with FD > 0.2 mm) did not alter the results of the study (see Supplementary material).
Functional connectivity analysis
The analysis pipeline is illustrated in Fig. 2 . Large-scale functional networks were identified based on an atlas that contained 264 nodes of interest (Power et al., 2011) . The 10 major networks included the frontoparietal network (FPN), cingulo-opercular network (CON), default mode network (DMN), salience network (SN), dorsal attention network (DAN), ventral attention network (VAN), visual, auditory, sensorimotor networks (SMN), as well as subcortical regions. For each individual, mean activity was extracted from the 264 nodes of interest (10 mm sphere), and functional connectivity was estimated between each pair of nodes with Pearson's correlation and were Fisher z-transformed. For univariate analysis, we calculated the average connectivity of each node with the rest of the nodes in the brain, which has been defined as global brain connectivity, or unthresholded weighted degree centrality (Cole et al., 2011 (Cole et al., , 2010 (Cole et al., , 2012 Rubinov and Sporns, 2011) . Global brain connectivity was averaged within each functional network, and this served as a summary statistic of the network's global connectivity. For multivariate analysis, the assemble of connections of each node in the network with all other nodes in the brain served as the feature vector for that network. All multiple comparisons from statistical tests were Sidak-corrected for multiple comparisons (10 networks and 55 possible within-and between-network connections).
Univariate analysis 2.5.1. Network global connectivity
For each network, a linear regression model was used to estimate participants' EVET scores according to the network's global connectivity. The linear model was as follows:
where y is the EVET score, x 1 is network's global connectivity measure, c is the intercept, ε is the error term, and b 1 represents the main effect of the relationship between network global connectivity and EVET scores. Furthermore, we subdivided each network's global connectivity into mean within-and between-network connectivity to see whether relationships between specific networks are related to individuals' multitasking performance. The same linear regression was performed on each network-network connectivity measure.
ROI global connectivity
To compare with previous studies that found global connectivity in frontoparietal regions predictive of cognitive function (e.g., Song et al., 2008; Cole et al., 2012) , we defined a LPFC node in the Power et al. (2012) template as the node closest to the LPFC ROI in (Cole et al., 2012 ; MNI coordinates x = −44.2, y = 13.7, z = 29.8). The critical node had coordinates x = −47, y = 11, z = 23, and was found to be located in the FPN. Global connectivity of this LPFC node was defined as the mean functional connectivity of the LPFC with the other 263 nodes in the brain. We performed a linear regression as above, to estimate participants' EVET scores from global connectivity in LPFC.
Multivariate analysis
In addition to average network connectivity, patterns of connectivity might be important in cognitive functioning. We calculated for each node the functional connectivity between that node and the remaining nodes in the brain. For each network, all functional connections of the nodes it consists of served as a pattern vector input of the model. That is, for each node, we created a 1 × 263 vector that depicts its connectivity strength with all other nodes. The number of 1 × 263 vectors varies across networks depending on the number of nodes it consists of. For example, the SMN consists of 30 nodes, FPN consists of 25 nodes, DAN consists of 11 nodes. This matrix was then reshaped into a 1 × [number of nodes × 263] vector for analysis, thus there was one pattern vector per network. To determine whether the pattern of network functional connectivity predicted multitasking ability in novel individuals, a leave-one-subject-out cross-validation was employed. In each set of n-1 individuals an SVR model was trained using each network's connectivity patterns and the n-1 EVET scores, to predict the EVET score of the left out individual. Pearson's correlation of predicted and actual EVET scores was used to assess the model's predictive power.
Furthermore, to understand which functional connections are important contributing features in networks that showed above-chance decoding, functional connectivity patterns were further subdivided into within-network and between-network connectivity. For between-network connectivity, we separated each network's functional connectivity with the 9 other networks in the brain. The same multivariate analysis was repeated with network-network connectivity patterns. Pearson's correlation between participants' predicted and actual EVET scores was used to evaluate each model's predictive power.
In addition to leave-one-out cross-validation, we repeated our analyses using k-fold cross-validation (Hastie et al., 2009) , with k being 5 and 10. The results remained the same (the full set of results from these tests is given in the Supplementary material).
Results
Behavioral performance
The EVET scores ranged from −1 to 19 in our sample. Participants that did task set A (mean = 10.61, SD = 5.74) did not show any significant differences in performance from those that did set B (mean = 11.35, SD = 5.34; t = − 0.68, p = 0.50, two-tailed). There were significant correlations of the EVET score with initial recall of the task list (r = 0.41, p < 0.0001), pre-task planning (r = 0.38, p < 0.0001), following of their plan during the task (r = 0.68, p < 0.0001), recount of performance (r = 0.66, p < 0.0001), task list recall after EVET execution (r = 0.32, p < 0.001), and planning of the alternative task (r = 0.23, p = 0.02). There were no correlations between EVET performance and BAI (r = 0.01, p = 0.94) or BDI (r = 0.02, p = 0.84). We therefore only focused on the general EVET score in the fMRI analysis. Fig. 2 . Analysis pipeline. A. The 264 nodes used in the experiment. Each color represents a distinct network. The figure was adapted from Power et al. (2011) . B. A functional connectivity matrix was created for each participant. For each network, the connectivity of a node with the rest of the brain was extracted. A functional connectivity matrix was created for each participant. For each network, the connectivity of a node with the rest of the brain was extracted. In the univariate analysis, the average of these connections within a network was defined as the network global connectivity index, which was used in a linear regression with which task set the participant performed, to predict the participants' EVET scores. In the multivariate analysis, within a network, all connections of each of the networks' nodes with the remaining nodes in the brain served as a pattern vector that was included in a support vector machine regression (SVR) model. For each iteration, one participant was left out before training the SVR, and functional connectivity data from the left-out participant was used to predict their EVET score.
T. Wen et al. Neuropsychologia 114 (2018) 195-202 3.2. Relationship between network global connectivity and multitasking performance 3.2.1. Network global connectivity We examined the linear regression of EVET scores predicted by network global functional connectivity and task set. None of the 10 networks showed significant global connectivity and multitasking relationships after Sidak correction. Among the networks tested, the highest global connectivity coefficient was for the FPN (b1 = 6.72, SE = 0.87, p = 0.09 (uncorrected), p = 0.59 (corrected), JZS Bayes Factor = 4.11).
Furthermore, we repeated the analysis subdividing into within-and between-network mean functional connections. However, none of the network-network connectivity measures showed any significant relationship between EVET scores after correcting for multiple comparisons. The highest regression coefficient was from the mean FPN-DAN connectivity [b1 = 8.02, SE = 3.27; p = 0.02 (uncorrected), p = 0.58 (corrected), JZS Bayes Factor = 16.22]. Fig. 3 illustrates the relationship between LPFC global connectivity and EVET scores. Linear regression of LPFC global connectivity was predictive of EVET scores (b1 = 6.38, SE = 3.14, p = 0.04). This reconciles with previous studies showing that intrinsic connectivity of regions within the cognitive control network is related to cognitive function. 
ROI global connectivity
Discussion
The current results identified that functional connectivity patterns within the SMN and between FPN-DAN during rest predicted individual differences in multitasking ability using a virtual real-world task. Models based on these network patterns generalized to previously unseen individuals and could predict performance from resting-state connectivity alone. These results support previous research indicating that executive control regions in the frontal and parietal cortex underlie multitasking abilities (Al-Hashimi et al., 2015; Dux et al., 2009; Garner and Dux, 2015) as well as the role of the SMN in supporting finegrained goal-directed action (Dixon et al., 2014 (Dixon et al., , 2017 .
In recent years, connectome-based predictive modeling has been developed to predict cognitive measures such as sustained attention (Finn et al., 2015; Rosenberg et al., 2016; Shen et al., 2017) . Although the functional organization of the brain is generally consistent across individuals, each person has their own unique pattern of functional connectivity, which can be used to predict individual differences in cognitive functioning. Furthermore, task performance can be predicted from functional connectivity patterns during resting-state (when participants are not engaged in any explicit task), which suggests that the neural architecture supporting cognitive ability is reflected in the brain's intrinsic organization (Rosenberg et al., 2016) . In influential models of large-scale functional networks that subserve goal-directed behavior, studies have identified networks consisting of the frontal and parietal cortices as a key component (Duncan, 2010 (Duncan, , 2013 Fedorenko et al., 2013; Nelissen et al., 2013) .
According to the framework of hierarchical organization of functional brain networks that underlie goal-directed action (Koechlin et al., 2003; Badre and D'Esposito, 2009 ), Dixon et al., (2014 Dixon et al., ( , 2017 suggested an anterior-to-posterior gradient consisting of the anterior FPN, posterior FPN, and SMN. The authors suggest that the anterior FPN is activated during the generation and monitoring of distal goals, whereas the posterior FPN is involved in guiding behavior toward proximal goals via executive control by encoding and maintaining task rules, and the SMN is involved in the execution of specific goal-directed actions. The DAN lies in between the FPN and SMN and is highly coupled and partially overlapping with the FPN during externally directed tasks (Dosenbach et al., 2008; Spreng et al., 2013; Yeo et al., 2011) . The DAN is involved in top-down selection of behaviorally relevant stimuli (Corbetta and Shulman, 2002) , and together with the FPN, is often commonly recruited during a variety of cognitively demanding tasks (Dosenbach et al., 2008; Fedorenko et al., 2013) . This is in line with our finding that FPN-DAN connectivity is predictive of multitasking ability in individual participants. Once the FPN has established goals and task rules, the information needs to be translated into the execution of specific voluntary actions, which is established by the SMN (Bunge, 2004; Koechlin et al., 2003) . The SMN is a set of highly interconnected somatosensory, primary motor, and premotor regions that interact to coordinate action. Within the SMN, the premotor and primary motor cortex operate in a hierarchy to translate visual and rule-based information into behaviorally appropriate motor responses (Bunge, 2004; Dixon et al., 2014; Rushworth et al., 2003) . Here we show that withinnetwork functional connectivity patterns in the SMN can predict how well an individual performs during naturalistic multitasking. Although we cannot test for hierarchical control in the current experiment, our findings support that the networks generally associated with various levels of cognitive control are related to individual differences in the ability to execute complex multi-component tasks.
As reviewed previously, multitasking is highly related to flexible cognitive control abilities. In particular, EVET taps into cognitive components including planning and execution, sustained attention, prospective memory, verbal and visuospatial working memory, task switching, processing speed, cognitive bottlenecks, and sequential control, to provide a multifaceted measure of realistic everyday multitasking ability . We cannot separate multitasking from general fluid intelligence and cognitive control functions in this study as they highly overlap, but this would be an interesting questions Fig. 5 . Multivariate pattern analysis results using within-network and between-network patterns. The x axis represents the three networks of interest (SMN, FPN, and DAN) , and the y axis represents the correlation of observed and predicted EVET scores. Significant correlations of observed and predicted EVET scores were found using within-network connectivity patterns of the SMN and between-network connectivity patterns of FPN-DAN.
for future studies, and may provide further understanding of frontal lobe patients with intact intelligence but impaired multitasking skills (Shallice and Burgess, 1991; Burgess, 2000; Roca et al., 2011) .
Previous studies have each identified parts of the FPN-DAN-SMN correlated with general cognitive or multitasking performance (e.g., AlHashimi et al., 2015; Cole et al., 2012; Erickson et al., 2007; Garner and Dux, 2015) , yet all regions have been reported to be recruited more in multitask compared to single-task conditions during continuous multitasking (Al-Hashimi et al., 2015) . Our experiment used a computer game to generate continuous engagement and a task with a set of goals, sub-tasks, and execution steps, a scenario that better reflects complex acts of real-word multitasking (Rothbart and Posner, 2015) . Conventional multitasking paradigms used in the laboratory typically employ explicit instructions for participants to respond to each task separately even when they overlap in time (Al-Hashimi et al., 2015; Dux et al., 2009 ). However, real-world multitasking is more dynamic and allows more flexibility in scheduling parallel processes, which may differ from discrete task execution. It also differs from dual-task paradigms in that tasks are performed simultaneously, but executed sequentially and unfold through time, by interleaving and switching from one task to another (Logie et al., 2010) . This may require an overarching level of goal representation as well as sequential control (Farooqui et al., 2012; Badre and Nee, 2018) , as there is little in the external cue to indicate the sequential order of the tasks, participants must internally specify their position in the sequence as well as which action to perform next (Desrochers et al., 2015) . The use of a virtual task in this experiment may better emulate real-word multitasking and may explain why a large area of the prefrontal networks spanning the FPN-DAN-SMN may be related to individual differences in multitasking ability.
Connectivity of the frontal lobe and FPN have been implicated in cognitive control abilities in previous studies. However, our experiment did not show a significant relationship between global network connectivity and multitasking ability. A possibility that we did not observe significant relationships may be that we focused on global connectivity of the entire network, while regions within each network may have their unique characteristics. For example, Cole et al. (2012) found that global connectivity only in the LPFC, but not premotor cortex or medial posterior parietal cortex, showed correlation with fluid intelligence. When looking at global connectivity restricted to the LPFC, we find a significant relationship with multitasking performance. Other studies have found that although regions within the FPN is predominantly related to cognitive control and fluid intelligence, it is connectivity between distinct regions derived from multiple networks that together predict individual differences in these measures (Hearne et al., 2016; Song et al., 2008; Pamplona et al., 2015) .
In univariate global connectivity analyses, a mean network summary measure is used to provide an average index of a network consisting of hundreds or thousands of connections to relate to individual differences (e.g., Cole et al., 2013 Cole et al., , 2012 Rosenberg et al., 2016) . Here in addition to the univariate global connectivity measure, we used a multivariate approach with SVR, thus taking all functional connections of a network into account. Such pattern information analysis can reveal effects lost in regional average analysis (Kriegeskorte and Bandettini, 2007; Mur et al., 2009) . It is possible that using a virtual multitasking task assessed cognitive abilities that are not specific to one network, therefore diluting the effect after averaging. Yet, we were able to find strong effects with multivariate analysis, implying that the fine-grained connectivity patterns may be predictive of individual differences in multitasking ability, and can generalize to novel individuals (Dosenbach et al., 2010) . Future studies with multivariate techniques in addition to conventional univariate analysis will likely shed light on how connectivity patterns are related to individual differences.
The current study used resting-state functional connectivity to predict multitasking performance outside the scanner. Recent studies have found that on top of the brain's intrinsic connectivity, the functional network architectures can be reconfigured in response to an external task (Cole et al., 2014; Krienen et al., 2014) . These changes are characterized by increases in functional connectivity strength as well as changes of selective patterns in line with increasing task demands (Cocchi et al., 2013; Hearne et al., 2017) . Prior research has concluded that within the prefrontal cortex, the SMN transforms task rules and goal representations from the FPN into the execution of motor output (Koechlin et al., 2003; Dixon et al., 2017) . Therefore, one might expect SMN-FPN or SMN-DAN connectivity during task to predict multitasking performance. Although we did not find this relationship with restingstate networks, it is possible that these relationships might emerge during task. While we cannot test this relationship in the current experiment, studying task-based connectivity with naturalistic stimuli would be an interesting avenue for future research.
In conclusion, our results show that resting-state functional connectivity patterns of networks involved in executive and sensorimotor control predict how well an individual performs in real-world multitasking. Previous studies suggest that these networks are organized to subserve goal-directed behavior at different processing levels. Individual differences in multitasking ability may result from how well these functional networks and cognitive components are orchestrated.
